Abstract Arctic clouds can profoundly influence surface radiation and thus surface melt. Over Greenland, these cloud radiative effects (CRE) vary greatly with the diverse topography. To investigate the ability of assorted platforms to reproduce heterogeneous CRE, we evaluate CRE spatial distributions from a satellite product, reanalyses, and a global climate model against estimates from 21 automatic weather stations (AWS). Net CRE estimated from AWS generally decreases with elevation, forming a "warm center" distribution. CRE areal averages from the five large-scale data sets we analyze are all around 10 W/m 2 . Modern-Era Retrospective Analysis for Research and Applications version 2 (MERRA-2), ERA-Interim, and Clouds and the Earth's Radiant Energy System (CERES) CRE estimates agree with AWS and reproduce the warm center distribution. However, the National Center for Atmospheric Research Arctic System Reanalysis (ASR) and the Community Earth System Model Large ENSemble Community Project (LENS) show strong warming in the south and northwest, forming a warm L-shape distribution. Discrepancies are mainly caused by longwave CRE in the accumulation zone. MERRA-2, ERA-Interim, and CERES successfully reproduce cloud fraction and its dominant positive influence on longwave CRE in this region. On the other hand, longwave CRE from ASR and LENS correlates strongly with ice water path instead of with cloud fraction or liquid water path. Moreover, ASR overestimates cloud fraction and LENS underestimates liquid water path substantially, both with limited spatial variability. MERRA-2 best captures the observed interstation changes, captures most of the observed cloud-radiation physics, and largely reproduces both albedo and cloud properties. The warm center CRE spatial distribution indicates that clouds enhance surface melt in the higher accumulation zone and reduce surface melt in the lower ablation zone.
Introduction
Cloud contributions to the surface energy budget are known to vary greatly over Greenland (Verlinde et al., 2016; Wang et al., 2018) . Many large-scale gridded data sets such as satellite observations, reanalyses, and model simulations include the cloud and radiation fields necessary to determine cloud radiative effects (CRE) on large spatial scales. However, the accuracy and uncertainties in these CRE products are largely unknown because their CRE have not previously been systematically evaluated against in situ CRE estimates. Here we estimate the CRE spatial distribution from 21 automatic weather stations (AWS) over Greenland. CRE derived from AWS exhibits a telltale fingerprint reproduced by some but not all gridded CRE products. We use this fingerprint to evaluate cloud and radiation retrievals from five gridded data sets including one satellite observation, three reanalyses, and one global climate model. We then identify the most important factors that contribute to the verisimilitude of each gridded data set.
CRE, defined as the difference between all-sky and clear-sky surface radiation, is a "simple and effective" metric to assess cloud impacts on surface energy budget (Intrieri et al., 2002) . Clouds warm surfaces through increased longwave radiation (i.e., positive CRE) and cool surfaces through the shortwave shading effect (i.e., negative CRE). The net effect, warming or cooling, strongly depends on location (Wang et al., 2018) . In the high elevation accumulation zone of Greenland, clouds can augment surface heating caused by warm southerly advection, trigger massive surface melt , and enhance meltwater runoff (Van Tricht et al., 2016) . In this region, the prevalent low-level liquid-containing clouds are optically thick enough to absorb longwave terrestrial radiation yet thin enough to transmit shortwave solar radiation . Bright surface albedo in this region further suppresses the shortwave shading effect of clouds, due to less contrast between clouds and surfaces (Shupe & Intrieri, 2004) . Clouds tend to cool the surface in the ablation zone, and an absence of clouds accelerates surface melt (Hofer et al., 2017; Kay & Gettelman, 2009) . Ablation zone clouds are thicker (Zygmuntowska et al., 2012) and surfaces are darker (Perovich et al., 2002) . The combination of these diverse surface and atmospheric conditions result in highly heterogeneous CRE in Greenland.
In the Arctic, gridded data sets are usually evaluated against short-term campaigns, sparse station measurements, or each other. For example, Cesana et al. (2015) and Liu and Key (2016) use cloud retrievals from active sensors to evaluate reanalyses and model simulations. However, active sensor retrievals can only be cross-validated at Summit, the sole station with comprehensive cloud measurements inside Greenland (Lacour et al., 2017; Shupe, Turner, et al., 2013) .
To our knowledge, Van Tricht et al. (2016) is the only prior study that explicitly presents a spatial distribution of CRE over most of Greenland. They estimated CRE distribution using 1 month of data from each season in 2010 from the CloudSAT-CALIPSO (Cloud-Aerosol Lidar and Infrared Pathfinder Satellite Observation) products. They conclude that clouds warm the southern and northwestern coasts the most, and the northern interior the least, strongly correlated with cloud water path. Although the active sensors onboard CALIPSO provide more accurate instantaneous observations of clouds, especially the prevalent low-level clouds in the Arctic, compared to passive sensors Chan & Comiso, 2013; Henderson et al., 2013; Kay & L'Ecuyer, 2013) , they have difficulty capturing the climatological cloud effects due to their limited spatial-temporal sampling (Kay & L'Ecuyer, 2013; Liu, 2015) . At the southern and western coasts where surface melts frequently in summer (Hall et al., 2009) , surface albedo rather than cloud properties might play a more important role in determining CRE (Wang et al., 2018) .
In this study, we evaluate CRE spatial distributions from five well-known gridded data sets against estimates from 21 in situ AWS during the melt seasons from 2008 to 2013. The five data sets include one satellite product, the Clouds and the Earth's Radiant Energy System (CERES); two global reanalyses, the Modern-Era Retrospective Analysis for Research and Applications, version 2 (MERRA-2), and the European Centre for Medium-Range Weather Forecasts Interim reanalysis data (ERA-Interim); one regional reanalysis, the Arctic System Reanalysis (ASR); and one global climate model, the Community Earth System Model (CESM) Large Ensemble Project (LENS). We explain the discrepancies in terms of physical properties relevant to cloud-surface-radiation interactions that determine CRE. Section 2 describes the data and methods we use to estimate CRE and perform comparisons. Section 3 presents CRE spatial distribution estimated from AWS. Section 4 evaluates CRE spatial distributions from gridded data sets against the interpolated maps and interstation changes of in situ measurements. Section 5 examines the gridded data sets' cloud-radiation physics and evaluates their retrieval of major CRE factors against observations. In section 6, we discuss the shortcomings of CALIPSO retrievals to reveal climatological CRE. Section 7 summarizes the main findings of this study and their implications.
Data and Method
We examine five gridded data sets that provide both all-sky and clear-sky surface radiation fields at high spatial resolution. We focus on the melt seasons here defined as May to August from 2008 to 2013 since there are not enough clear days in September needed to remove insolation bias caused by station tilt (Wang et al., 2016) .
CERES cloud retrievals integrate Moderate Resolution Imaging Spectroradiometer-observed radiance with an emphasis on radiative issues (Wielicki et al., 1996) . CERES retrieves cloud top properties and estimates cloud base height based on empirical formulas. We use their monthly Synoptic Radiative Fluxes and Clouds (SYN) Edition-3A Level-3 data with a spatial resolution of 1 ∘ . MERRA reanalyses take advantage of numerous satellite measurements. MERRA-2, a successor of MERRA, uses an updated Goddard Earth Observing System model and assimilates more types of observations (Gelaro et al., 2017) . Its monthly cloud and radiation retrievals are in grids of 1/2 ∘ latitude and 2/3 ∘ longitude. ERA-Interim is the latest global reanalysis from the European Centre for Medium-Range Weather Forecasts (ECMWF; Dee et al., 2011) , which also assimilates both in situ and satellite observations and uses forecast models to predict cloud properties. It is often employed to drive regional models in the Arctic Noël et al., 2015; Wesslén et al., 2014) . The spatial resolution is ∼0.7 ∘ . ASR is a highresolution regional reanalysis focused on the Arctic (Wesslén et al., 2014) . It uses the High-Resolution Land Data Assimilation system and the Polar Weather Forecast Model as the forecast model. The highest spatial resolution of ASR is 15 km. In this study, we use ASR 30-km products and regrid to MERRA-2 rectilinear grids using bilinear interpolation. LENS consists of 40 ensemble members from simulations of the fully coupled CESM, including diagnostic ocean biogeochemistry and the atmospheric carbon dioxide cycle (Kay et al., 2015) . The large-ensemble means reduce the influence of internal climate variabilities. We utilize the LENS RCP8.5 scenario. This closely mimics historical radiative forcing (Sanford et al., 2014) and has a spatial resolution of ∼1 ∘ .
All 39 AWS from the Greenland Climate Network (GC-Net; Steffen et al., 1996) and the Programme for Monitoring of the Greenland Ice Sheet (PROMICE; van As & Fausto, 2011) by 2013 have gone through rigorous data quality control to reduce interference from the typical problems experienced by unattended weather stations, including station tilt, low cosine response at large solar zenith angle, riming on sensor domes, and sensor overheating (see details of data quality control and instrument uncertainties in section 2 in Wang et al., 2018) . Twenty-one stations with at least one complete year of high-quality data remain ( Figure 1 and Table  S1 in the supporting information), among which four are from GC-Net, all in the accumulation zone (elevation ≥1,800 m); the rest are from PROMICE, with one station in the accumulation zone. In the ablation zone (elevation < 1,800 m), PROMICE stations usually operate in pairs along one glacier (e.g., two stations near Nuuk). Stations suffixed with "U" and "L" are in the upper (e.g., NUK_U) and lower (e.g., NUK_L) ablation zones, separately. We describe stations in the north of 70 ∘ N as northern stations and south of 70 ∘ N as southern stations.
Same as in Intrieri et al. (2002) , we define CRE as the difference between all-sky and clear-sky surface radiation. AWS measure all-sky surface radiation. Clear-sky radiation is simulated using the Column Radiation Model (Zender, 1999) driven by the Level-3 Atmospheric Infrared Sounder, AIRS (AIRS Science Team/Joao Texeira, 2013). The uncertainty of clear-sky simulations is less than 10 W/m 2 (Wang et al., 2018) .
CERES, MERRA-2, ERA-Interim, and LENS provide both total cloud fraction and low-level cloud fraction. ASR provides only the vertical profiles of cloud fraction. MERRA-2 and ERA-Interim define low-level clouds based on cloud height from the ground. CERES and LENS define low-level clouds as clouds below 700 hPa. In Greenland, the latter definition is problematic due to the generally high elevations there. For example, at Summit, the surface pressure is often lower than 700 hPa. Since LENS also provides vertical profiles of cloud fraction, we calculate the total and low-level cloud fraction for LENS and ASR. Following ERA-Interim's definition (European Centre for Medium-Range Weather Forecasts, 2018), we categorize cloud layers as low level if the layer/surface pressure ratio is greater than 0.8, as midlevel if the ratio is greater than 0.45 and less than 0.8, and as high level if less than 0.45. Then we use the maximum-random overlap assumption same as the other four data sets to calculate total cloud fraction (Zib et al., 2012 , and personal communication with Dr. Michael G. Bosilovich from National Aeronautics and Space Administration in February 2018). Clouds of the same height level are assumed to be maximally overlapped. Different cloud height levels are assumed to be randomly overlapped.
To evaluate cloud fraction and liquid water path (LWP) from the gridded data sets, we use data from the Integrated Characterization of Energy, Clouds, Atmospheric State, and Precipitation at Summit (ICECAPS), the only multiyear comprehensive in situ cloud observations in Greenland . ICECAPS retrieves cloud fraction and LWP using multiple instruments. Miller et al. (2015) estimate cloud fraction using the temporal average of cloud presence detected by Vaisala ceilometer, millimeter cloud radar, and MicroPulse Lidar. Due to the narrow viewing angles of these instruments, this type of cloud fraction might be significantly different from those based on whole sky images (e.g., human and satellite observations), especially when the air is stagnant (Qian et al., 2012) . LWP is derived from the Humidity and Temperature Profiler microwave radiometer and a second high-frequency microwave radiometer (Turner et al., 2007) , with an uncertainty of ∼3 g/m 2 .
CRE Spatial Distribution From In Situ Measurements
We interpolate CRE estimates from the 21 weather stations to maps to demonstrate the spatial distribution of CRE. Steep slopes near the coasts render large-scale maps of the entire Greenland insufficient to present the large spatial variability in the ablation zone. Therefore, the interpolated maps show only stations in the accumulation zone and in the upper ablation zone. We then use 2-D plots of latitude-elevation and latitude-albedo to show CRE variability in the ablation zone.
CRE generally decreases with elevation during the melt season ( Figure 2a ). It is highest at Summit and lowest near coasts. Shortwave cooling by clouds is weakest near Summit due to the constantly high albedo. Longwave warming is strongest there probably due to the dry atmosphere and prevalent low-level liquid-containing clouds (Lacour et al., 2017; Miller et al., 2015; Shupe, Turner, et al., 2013) . These clouds most likely form by orographic lifting during warm southerly advection (Zygmuntowska et al., 2012) and are usually decoupled from the surface (Curry et al., 1996; Shupe, Persson, et al., 2013; Tjernström et al., 2014) as the boundary layer is drier at higher elevations. As elevation decreases so does albedo, and shortwave CRE strengthens from Summit to the coasts ( Figure 2b ). The only exception is QAS_U (the southernmost station at 900 m), where albedo is abnormally high (0.67) for its latitude and relative to albedos from nearby stations QAS_L (0.34 at 280 m) and NUK_U (0.64 at 1,120 m) because QAS_U usually receives a lot more snowfall than most other upper stations (U stations). As elevation decreases, longwave CRE first decreases until near the equilibrium line and then increases (Figure 2c ). This stronger warming effect near coasts might be caused by an increasing cloud fraction, formed mostly by marine stratus clouds (Walsh et al., 2009 ). However, on the southeastern coast next to relatively warm Atlantic water (Station TAS), there is no increased warming effect. Due to the persistent anticyclonic conditions and katabatic winds over Greenland, this area is more likely dominated by the cold northerly air advection than by the warm ocean circulation (Hanna et al., 2014) . Nevertheless, between the two neighboring PROMICE stations at TAS, the lower station, TAS_L, has a higher longwave CRE than the upper station, TAS_U, demonstrating a larger warming effect at lower elevations ( Figure 3c ). Net CRE, the sum of shortwave and longwave CRE, decreases monotonically from Summit to the coasts.
To interpolate CRE estimates from stations to maps, we first use the Delaunay triangulation method to generate convex hulls enclosing the station data to project them to a triangular-meshed map and then smooth the map using cubic spline interpolation. This method does not extrapolate and connects all stations to their nearest neighbors to form the triangular mesh. We compare this result with results from three other commonly used spatial interpolation methods: the tension spline, the natural neighbor, and the nearest distance interpolation ( Figure S1 ). Due to the limited number of stations and their heterogeneous distribution, the absolute values are subject to large uncertainties. However, the spatial pattern of CRE decreasing with elevation remains unchanged.
This CRE spatial distribution is robust throughout the whole melt season (Figure 3 ). The statistics of 20-day running average CRE (smoothing in order to remove synoptic influences) also show decreasing values from the accumulation zone (dark and light blue boxes in Figure 3a ) to the ablation zone (yellow and red boxes in Figure 3a ), with the highest at Summit. Shortwave CRE strengthens from high to low elevation ( Figure 3b ). Longwave CRE decreases from Summit to near the equilibrium line and then increases seaward (Figure 3c ).
To better resolve the ablation zone, we scatterplot CRE with respect to latitude and elevation (Figures 4a-4c ). Net CRE is smaller at lower latitudes and elevations (Figure 4a ), mostly due to strong negative shortwave CRE in this quadrant (Figure 4b ). The longwave CRE distribution is more scattered with slightly higher values at lower elevations (Figure 4c ). In the scatterplot of latitude and albedo (Figures 4d-4f ), net CRE is better aligned. Net CRE decreases from high albedo to low albedo, similar to shortwave CRE (Figures 4d and 4e) . Therefore, in the ablation zone, albedo governs the spatial distribution of CRE. Although albedo generally decreases with latitude and elevation, the local conditions, for example, tundra at KAN_B, can also exert a substantial influence.
In summary, net CRE over Greenland presents a "warm center" spatial pattern: peaking at Summit and decreasing toward the coasts. Shortwave CRE decreases with elevation, largely due to albedo. Longwave CRE increases away from the equilibrium line, both inland and coastward, probably due to increased cloudiness in those areas and the dry atmosphere at high elevations.
Evaluating CRE Spatial Distributions From Gridded Data Sets Against In Situ Measurements
4.1. CRE MAPS CRE areal averages from the five gridded data sets we compare are similar (numbers above each panel in Figure 5 ). However, their spatial distributions present two distinct patterns: warm center and warm L-shape (i.e., warming in the south and northwest). CRE estimated from MERRA-2, ERA-Interim, and CERES generally decrease with elevation (the warm center pattern). The highest values are near Summit with a second maximum in the South Dome area. Low values predominate along the coasts with the lowest values in the west. ASR and LENS show relatively large positive CRE in the south and northwest (the warm L-shape pattern). Although the strongest negative CRE are also in the western ablation zone, the positive CRE are smallest in the northeast and increase toward the west and south in the accumulation zone.
Most inter-data set discrepancies stem from longwave CRE differences in the accumulation zone. Shortwave CRE spatial distributions from different data sets are similar: Weak cooling effects with small variability in the accumulation zone and stronger cooling as elevation decreases ( Figure S2 ). Longwave CRE from the warm center group (MERRA-2, ERA-Interim, and CERES) are largest at Summit and along the coasts (Figure 6 ), consistent with Cox et al. (2014) . Longwave CRE from the warm L-shape group (ASR and LENS) are larger in the south. ASR also shows strong warming in the northwest. To compare spatial distributions quantitatively, we interpolate the other four onto the LENS grid (one of the coarsest spatial resolutions) and calculate their pattern correlations (Tables S2 and S3) . Shortwave CRE from all data sets are generally well correlated with one another. The correlation coefficients are around 0.8 in the ablation zone and greater than 0.5 in the accumulation zone. As for longwave CRE, only data sets in the same warm pattern group are well correlated. Correlation coefficients of data sets from different warm pattern groups are mostly around 0.3. The value is lower in the accumulation zone than in the ablation zone. Therefore, longwave CRE in the accumulation zone leads to the most inter-data set discrepancies in CRE spatial distribution.
CRE Interstation Changes
Section 4.1 evaluates data sets in terms of CRE large-scale spatial patterns. In this section, we evaluate data sets in their closest grid cell against in situ measurements at each weather station (distances between stations and grid cells are listed in Table S1 ). Although temporal averaging can mitigate interplatform differences (e.g., footprint size and instrument sensitivity), values from in situ measurements, remote sensing products, and model simulations are never the same (Li & Trishchenko, 2001) . Therefore, we focus on the relative changes between stations rather than on the absolute differences and on relatively large interstation changes since the interstation variabilities from gridded data sets are inherently smaller than that of station observations due to the larger footprint. Shortwave CRE from all gridded data sets successfully reproduce the major transitions between the ablation and accumulation zones, but not changes inside the ablation zone with steeper slopes (Figures 7b and 7d ). In the north (Figure 7b ), all gridded data sets show decreasing shortwave CRE from Tunu-N down to UPE and increasing shortwave CRE back up to Summit, as in the in situ observation. However, on the eastern side, from Summit to SCO, most gridded data sets only show a slightly decreasing trend. ERA-Interim even shows an increasing trend. In the ablation zone, no gridded data set shows a lower value at the lower stations between the station pairs (e.g., KPC_U vs. KPC_L). Moreover, CERES, ERA-Interim, and MERRA-2 overestimate the difference between THU with Tunu-N and UPE to different degrees. In the south (Figure 7d ), all gridded data sets capture the trends from KAN_L to TAS_U (Figure 7d ). CERES closely matches observations between KAN_B Figure 8 . Spatial correlations and normalized standard deviations of (1) net CRE, (2) shortwave CRE, and (3) longwave CRE estimated from the five gridded data sets (colors and markers same as in Figure 7 ) comparing with in situ observations. CRE = cloud radiative effects; MERRA = Modern-Era Retrospective Analysis for Research and Applications; CERES = Clouds and the Earth's Radiant Energy System; ASR = Arctic System Reanalysis; LENS = Large ENSemble Community Project.
and KAN_L on the western side of Greenland, yet it flattens out through the southern coasts. By contrast, ERA-Interim shows better results at the southernmost coasts but not in the west.
Resemblance of longwave CRE from the gridded data sets to in situ observations is worse than shortwave CRE (Figures 7c and 7e ). In the north (Figure 7c ), although the warm center group of data sets reproduces the relatively strong warming effects at Summit, they overestimate the spatial variability in the northernmost area (between KPC, Humboldt, and THU; Figure 7c ). The warm L-shape group completely misses the "warm center and warm coasts" spatial features from in situ measurements. In the south (Figure 7e ), the gridded data sets underestimate the overall spatial variability. None of them reproduce the large increasing trend from NUK_U to QAS_L (Figure 7e ).
Although spatial resolutions and distances between certain AWS and grid cells vary among the five gridded data sets (Table S1 ), higher resolutions (e.g., MERRA-2) and shorter distances (e.g., MERRA-2 and ASR at QAS_L) do not improve the agreement between gridded and AWS CRE changes. Our comparisons focus on the interstation changes over a relatively long distance, where data set resolutions and distances between stations and grid cells are not critical factors.
The Taylor diagram summarizes the spatial variabilities of the gridded data sets and the in situ station measurements, as well as correlations between them (Figure 8 ). Since absolute values are not in the scope of this study, we do not include root-mean-square difference circles in the figure. With a high correlation and a similar variability, net CRE from MERRA-2 most closely resembles in situ observations. It produces the best shortwave CRE and fair longwave CRE. Net CRE from CERES, ASR, and ERA-Interim also correlate relatively well with observations; however, their spatial variabilities are small (around half of the reference). The global climate model, LENS, with fully prognostic clouds and environmental conditions, presents the worst resemblance. Overall, shortwave CRE is better represented in the gridded data sets than longwave CRE, among which ASR shows almost zero correlation with observations.
Examining Model Cloud-Radiation Physics and Estimates of CRE Factors
In this section, we examine the cloud-radiation relationships in radiative transfer physics of the five data sets, as well as evaluate the major factors determining CRE against in situ observations where possible.
The net effects of clouds on surface energy budget result from a complex synthesis of cloud macrophysics properties (cloud fraction and water path), cloud microphysics properties (cloud phase and particle size), and environmental conditions (surface albedo in melt season; Arking, 1991; Cox et al., 2015; Curry et al., 1996; Shupe & Intrieri, 2004; Verlinde et al., 2016) . According to in situ observations, net CRE during melt seasons is largely determined by its shortwave component in the ablation zone and by longwave CRE in the accumulation zone (Wang et al., 2018) . Albedo dominates the spatial variability of shortwave CRE in the ablation zone (Shupe & Intrieri, 2004) . Cloud fraction and LWP contribute negatively to CRE and are major influences in the accumulation zone (Shupe & Intrieri, 2004) . The responses of longwave CRE to major CRE factors are more complicated. Cloud fraction, mostly low-level cloud fraction, is the primary influence Qian et al., 2012; Shupe & Intrieri, 2004; Walsh et al., 2009) . LWP also contributes significantly (Shupe & Intrieri, 2004) , even at Summit Miller et al., 2015; Shupe, Turner, et al., 2013 ).
The quality of CRE estimates depends not only on obtaining the accurate quantities of these cloud and environmental properties but also on reproducing their interactions. All the platforms, satellites, reanalyses, and models use their own radiation transfer models to estimate surface radiative fluxes (Geier et al., 2003 ; Walsh et al., 2009; Wielicki et al., 1996) . Satellite products use remote sensed cloud properties and atmospheric and surface conditions to diagnose cloud radiative characteristics. Reanalyses forecast cloud properties based on assimilated atmospheric and surface conditions (Walsh et al., 2009) . Fully coupled climate models simulate both clouds and environmental conditions.
To evaluate the cloud-radiation physics, we count total cloud fraction, low-level cloud fraction, cloud water path (both liquid and ice), and surface albedo as major CRE factors. For each CRE component (shortwave, longwave, and net), we calculate its pattern correlation with these major CRE factors and present them on a polar coordinate using radii. The stronger the correlations, the more similar the spatial distributions ( Figure 9 ).
Cloud-radiation physics in MERRA-2, ERA-Interim, and CERES are generally consistent with current understandings summarized above. LENS captures most of the features, especially in shortwave. ASR differs in several ways. In MERRA-2, ERA-Interim, CERES, and LENS, net CRE in the southern ablation zone (red lines in the top row panels) is mainly determined by shortwave CRE (middle row). Net CRE in the northern accumulation zone (dark blue lines in the top row panels) is mainly determined by longwave CRE (bottom row). The northern ablation (yellow lines) and southern accumulation zones (light blue lines) are transitions between these two types. In these four data sets, shortwave CRE strongly correlates with albedo except in the northern accumulation zone. Cloud fraction and LWP exhibit negative influences in the ablation zones. In MERRA-2, ERA-Interim, and LENS, the negative influences from LWP are stronger; in CERES, those from cloud fraction are stronger, consistent with findings using sensitivity analysis in Huang et al. (2017) . The striking differences stem from longwave CRE in the accumulation zones (blue lines in the bottom row panels). Agreeing with observations, longwave CRE from MERRA-2 and ERA-Interim are dominated by cloud fraction, especially low-level cloud fraction. However, none of them shows a distinguishably stronger correlation with LWP than with ice water path. Correlations between albedo and longwave CRE are more likely to be concurrent events rather than causal links. In CERES, the weak correlation with low-level cloud fraction might be caused by its inadequate low-level cloud definition over Greenland. In LENS, although low-level cloud fraction is important, the strong correlation with ice water path dominates longwave CRE, counter to observations. The cloud-radiation physics in ASR is distinct. Its net CRE exhibits strong correlations with longwave, even in the ablation zones. Although its shortwave CRE positively correlates with albedo, it exhibits no or positive correlations with cloud fractions, opposite to observations. Its longwave CRE strengthens with cloud fraction and low-level cloud fraction in the ablation zones. In the accumulation zones, low-level cloud fraction shows almost no correlation. Instead, water path, especially ice water path, determines longwave.
We evaluate albedo retrievals from the gridded data sets at each AWS using monthly data averaged over 2008-2013 to avoid asymmetrical seasonal cycles caused by missing values (Figure 10 ). ASR and MERRA-2 agree best with in situ measurements, with the strongest correlations and the lowest root-mean-square difference. Both of them slightly underestimate albedo by ∼0.05 and ∼0.08, separately. ERA-Interim, CERES, and LENS flatten the variable albedo in the ablation zone to higher values, and this reduces their spatial variability. Moreover, AWS observations may already overestimate albedo by up to 0.1 due to underrepresentation of albedo spatial heterogeneity (Ryan et al., 2017) , making albedo from ERA-Interim, CERES, and LENS even higher than the "ground truth."
We now evaluate cloud fraction and LWP from the gridded data sets against data from ICECAPS at Summit. This station provides the only multiyear in situ observation of clouds in Greenland and represents the continental environments in the snow-covered accumulation zone . Cloud distributions in the coastal areas are more complex, influenced by a mix of surface types (e.g., open water, sea ice, and tundra) and thus variable heat and moisture fluxes and transportation (Neff, 2018; Walsh et al., 2009) . During the three melt seasons from 2011 to 2013, CERES is the closest to the ICECAPS observations for both cloud properties, in terms of magnitude and variability (Figure 11 ). The cloud fraction qualities of MERRA-2, ERA-Interim, and LENS are similar with either relatively consistent magnitudes or variabilities, but not both. ASR overestimates cloud fraction considerably. As for LWP, discrepancies are larger. LENS shows negligible values throughout the whole melt season. MERRA-2 lacks the variability. ERA-Interim and ASR underestimate the magnitude. Most of these features also exist in the comparisons between data sets over Greenland (Figure 12 ). MERRA-2, ERA-Interim, CERES, and LENS present a similar cloud fraction spatial distribution, with high values centered over Summit and near southwestern and northern coasts. Cloud fraction from the combined CloudSat-CALIPSO-CERES-Moderate Resolution Imaging Spectroradiometer data product also exhibits high values around the Summit area, however higher values spreading to the northwest (Huang et al., 2017) . The spatial distribution of liquid-containing cloud fraction from the GCM Oriented CALIPSO Cloud Product (CALIPSO-GOCCP) presents a better agreement . The high values of ASR spread along the mountain ridges. It substantially overestimates cloud fraction, with the lowest values close to the averages of others. The LWP spatial distributions are more consistent than cloud fraction and generally increases with elevation. Nevertheless, the low centers shift from Summit in CERES and LENS toward northwest in ERA-Interim and MERRA-2. The spatial distribution in ASR is scattered. CERES has the largest LWP retrievals. MERRA-2 and ERA-Interim are the next. LENS LWP is almost one magnitude smaller than others. Kay et al. (2016) also report the "insufficient" liquid clouds in CESM over the Arctic Ocean, compared with CALIPSO. It is possible that the growth of ice clouds scavenges too much supercooled cloud liquid, predicting insufficient liquid clouds in the polar regions (McIlhattan et al., 2017) .
In summary, MERRA-2 captures the major features of cloud-radiation physics and simulates both albedo and cloud properties well, resulting in the best CRE estimates among the five gridded data sets examined here. ERA-Interim and CERES reproduce both good physics and cloud properties. Therefore, they present the same spatial distribution as in situ weather stations, a warm center pattern. The physics of LENS is mostly similar to observations. However, LENS predicts LWP almost one magnitude smaller than in situ measurements. Moreover, due to the favorable response of longwave CRE to ice water path instead of to cloud factions in the accumulation zone, net CRE in LENS presents a warm L-shape spatial distribution (similar to that of ice water path; Figure S3 ). ASR achieves the best albedo. However, it falsely correlates shortwave CRE and cloud fractions in a positive manner and overestimates cloud fraction substantially, leading to a warm L-shape spatial distribution different from AWS estimates. the AWS observed warm center spatial distribution in melt season. In order to preclude the influence of seasonality and interannual variability, we estimate annual mean CRE during the same time period as Van Tricht et al. (2016) using MERRA-2. The annual mean is close (21 W/m 2 ) considering the large range of CRE (Figure 3) . However, MERRA-2 still exhibits a warm center distribution with the only exception in the northern ablation zone (Figure 13 ). We expect this distribution because in the accumulation zone, longwave CRE and shortwave CRE both decrease with elevation. Therefore, the spatial distributions in winter, when there is only longwave radiation, and in summer, when there are both longwave and shortwave radiation, are similar. In the sunlit southern ablation zone, annual net CRE also decreases with elevation, same as in summer. However, in the northern ablation zone, where there is no sunlight during winter, net CRE (dominated by longwave CRE) increases instead of decreases with elevation toward coasts. As mentioned above, although with active sensors, CALIPSO products reportedly provide more accurate instantaneous cloud observations (e.g., Chan & Comiso, 2013; Henderson et al., 2013; Kay & L'Ecuyer, 2013) , their sparse spatiotemporal sampling might hinder the ability to reproduce climatologies (Kay & L'Ecuyer, 2013; Liu, 2015) .
Summary
We establish the melt season spatial distribution of CRE over Greenland, estimated from 21 in situ AWS. We use these results to evaluate CRE spatial distributions from five data sets including one satellite product, CERES; two global reanalyses, MERRA-2 and ERA-Interim; one regional reanalysis, ASR; and one global climate model, LENS. We also examine the fidelity of the cloud-radiation physics in the gridded data set results and their ability to reproduce major factors that determine CRE in order to understand the inter-data set differences.
For May-August 2008 , net CRE peaks near Summit and decreases with elevation to reach a minimum along coasts. This forms a warm center spatial distribution over Greenland. In the accumulation zone, both longwave and shortwave CRE values decline with elevation. In the ablation zone, although longwave CRE strengthens coastward, the larger spatial variability of shortwave CRE causes net CRE to decrease toward coasts. MERRA-2, ERA-Interim, and CERES exhibit a similar warm center CRE spatial distribution to in situ observations. ASR, LENS, and CALIPSO present a warm L-shape spatial distribution with strong warming in the south and northwest. The largest discrepancy between the two patterns occurs in the accumulation zone where inconsistent cloud-radiation physics alter longwave CRE. MERRA-2, ERA-Interim, and CERES reproduce the strong correlations between longwave CRE and cloud fraction in the accumulation zone. In addition to relatively good simulations of cloud fraction, their net CRE warm the center of Greenland the most. On the other hand, ASR and LENS show stronger correlations between longwave CRE and ice water path, which increases from north to south. Moreover, ASR overestimates cloud fraction, and LENS underestimates LWP, resulting in too small spatial variabilities.
We also evaluate CRE from the five data sets at each weather station to better examine shortwave CRE and ablation zones. Due to accurate model physics and simulations of both albedo and cloud properties, MERRA-2 CRE agree the best with in situ measurements, considering both pattern correlation and variability. In all data sets except ASR, albedo dominates shortwave CRE in the ablation zone and in the southern accumulation zone, consistent with AWS. ASR exhibits an incorrect positive correlation between shortwave CRE and cloud fraction, diminishing the influence of albedo, which it reproduces the best.
